Additional data file 7: Extended Methods

Case-Control Network Analyses


A supplemental approach to diversity indices for investigating the microbiota uses correlation networks as a model of microbe-microbe interactions. Microorganisms in the gut interact in a range of beneficial or antagonistic ecological relationships that arise, for example, through exchange of metabolic products or by-products, competition for nutrients, molecular signaling, or co-aggregation into consortia (1,2). Networks reflecting the pattern of co-occurrence between microbial taxa can be used as a model of bacterial ecological interactions (1,3). Use of such models is based on the premise that non-random patterns in taxon co-occurrence arise through such ecological relationships (4,5). These correlation network models of microbiota interactions have been used by some studies to date to investigate aspects of human microbiota community assembly (3) and its relationship to disease (6,7). We utilize an approach which estimates the covariance structure of abundance data as a graphical model of interactions (as opposed to statistical testing of pairwise correlations), based on the rationale that the covariance structure describes the microbial relationships that give rise to the observed distribution of abundances.

We estimated undirected graphical models from genus abundances, separately for cases and controls using the graphical lasso (glasso) (8). The glasso estimates an inverse covariance matrix from genus abundance data. Each pairwise value in the matrix is adjusted on the abundances of the remaining taxa in the microbiota, and any other covariates included. We included age and WHZ as additional covariates, as well as RUTF treatment in the Malawi data analyses. The algorithm also returns an estimated matrix where weak associations between taxa are shrunk to zero to ensure that insignificant dependences between taxa are excluded. We obtained one matrix for cases and one for controls. Each matrix was transformed into an unweighted, undirected network for subsequent network analyses. In this representation, nodes are genera, and a link between two nodes represents a non-zero association between two genera that is independent of all other taxa identified, age, WHZ, and RUTF treatment; this association is used as a proxy for bacterial interaction. To select the best tuning parameter for graphical model estimation, we used the Stability Approach for Regularisation Selection method (StARS) (9).

For each case and control network, we calculated graph density, and the normalized degree centrality of each taxon (10). Graph density is expressed as the probability (0 to 1) that two randomly selected nodes are connected, and provides a measure of the potential for information flow (e.g. nutrients, metabolic by-products, and molecular signals) over the network. Degree centrality provides a measure of node importance, based on assumptions regarding how information flows between nodes (11). Assuming that information can flow from a single node to multiple other microbes simultaneously, normalized degree (expressed as the proportion [0 to 1] of other genera that a specific genus is connected to) can be regarded as a measure of a microbe’s participation in information flow. A node with a larger number of connections can have greater influence in the network. It thus provides a measure of node importance that is useful for identifying members in a microbial community that can exert a disproportionate impact on its composition and function (10,12,13). 

Differences in network indices were assessed for statistical significance by permutation test with 1000 randomizations. Specifically, children were randomly reallocated between the case and control groups 1000 times. For each permutation, one network was estimated per group, as described, and distributions of the difference in network indices between case and control networks were generated for statistical inference. Genera with significant differences in degree centrality or relative abundance between cases and controls were selected for longitudinal analyses. 

Longitudinal Analyses to Test a posteriori Hypotheses

We tested our a posteriori hypothesis that glutamate fermentation by microbes is negatively associated with future HAZ using KEGG enzyme abundance data provided for the Malawi cohort at http://gordonlab.wustl.edu/SuppData.html. We fitted between-within regression models, using the relative abundance of genes encoding glutamate dehydrogenase (EC1.4.1.2), α-keto-glutarate reductase (EC1.1.99.2), and methylaspartate mutase (EC5.4.99.1) as exposures. These are critical enzymes in glutamate fermentation pathways used by microbes (14). We fitted a separate model for each gene, with relative abundance as the exposure and HAZ as the outcome. Each model was adjusted for reported diarrhea, WHZ, and alpha diversity as reported confounders not shared by co-twins. Age in months and length of follow-up since baseline were also included as predictors of the outcome. All covariates were lagged by one visit in order to model their effect on future HAZ, with the exception of length of follow-up and age. Functional gene abundance data were not available for the Bangladesh cohort because only the 16S gene was sequenced.

Reproducibility

Any bacterial genus that was found to have a significant difference in degree centrality or relative abundance between cases and controls in either cohort was investigated in both datasets as a determinant of future linear growth using multivariable between-within regression models. This allowed us to confirm any microbiota associations with future linear growth we identified.
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